each odor that is to be recognized as a known odor, odor recognition into a model network of spiking neuthe essential step is to transform the different relative rons whose main features are taken from known propactivations into a uniform pattern, which can then be erties of biological olfactory systems. Here, recognirecognized by MAE. Our simulations show that a spiking tion of odors is signaled by spike synchronization of neural network built on these principles can achieve a specific subsets of "mitral cells." This synchronization high level of odor discrimination over a 50-fold range is highly odor selective and invariant to a wide range in concentration and can do so in the presence of a of odor concentrations. It is also robust to the presdistracting background odor stronger than the target. ence of strong distractor odors, thus allowing odor MAE itself may be instantiated through a variety of segmentation within complex olfactory scenes. Informechanisms. In the present paper, the synchrony comes mation about odors is encoded in both the identity of about due to an underlying common oscillatory drive. glomeruli activated above threshold (1 bit of informaBy contrast, in a previous system (Hopfield and Brody, tion per glomerulus) and in the analog degree of activa-2000, 2001), the synchronization underlying MAE retion of the glomeruli (approximately 3 bits per glosulted from direct synaptic interactions between neumerulus).
Figure 1. Action Potential Rasters for Integrate-and-Fire Neurons in the Presence of a Subthreshold Sinusoidal Current Injection
Each row represents a neuron, and each neuron has a different DC current injected into it, indicated by the ordinate. Dots indicate the time of action potentials. The common sinusoidal input current is indicated in the upper plot and by the grayscale shading underlying the action potential rasters. Gaussian noise is injected into each cell. There is a range of DC currents that result in approximate phase-locking, with phase progressing in an orderly and almost linear fashion along this current range. The cell time constant was 20 msec, and the drive frequency 35 Hz.
nism responsible for such an oscillation is not necessary respect to the underlying oscillation. The neurons will therefore all be synchronized to each other. In contrast, at this computational level of analysis.
We will first describe the properties of the synchroniif the neurons receive constant current inputs that are different from each other, or that are not within the 1-to-1 zation mechanism used here, and then turn to the use of MAE in the problem of olfaction. phase-locking range, then the spike timing synchronization across neurons will be much weaker. Thus, as in our previous network (Hopfield and Brody, 2000, 2001), Results similarity of inputs is signaled by synchronization of action potentials. In the present network, however, synThe Basic Synchronization Phenomenon chronization across neurons is achieved through syn-A nonadapting neuron that is driven by an oscillating chronization to a common underlying signal, instead of subthreshold potential plus a constant current input can being achieved through direct neuron-to-neuron synapphase lock its action potentials with the oscillating potic interactions. tential. This phenomenon is responsible for the phase A comparison of the MAE operation, computed locking of the action potentials coming from the cothrough two different synchronization-promoting mechchlear nucleus neurons in response to low-frequency anisms, is illustrated in Figure 2 . The left half of this figure tones (Lavine, 1971; Johnson, 1980) . It is a phenomenon illustrates phase locking via "horizontal" connections as of most neural models, including Hodgkin-Huxley neupresented in earlier work; the right shows the same MAE rons (simulation not shown) and integrate-and-fire neuoperation computed by a network without horizontal rons. There is a range of strengths of the constant curconnections, but using instead a common input subrent input at which the phase locking will be 1-to-1 in threshold current to produce synchronization. Similar the sense that each cycle of the oscillation will contain synchronization is seen with both mechanisms, alone spike from the neuron. In the absence of noise, though there are differences. For example, the interspike the phase of this spike with respect to the underlying separation when well synchronized is always the reciposcillation will be precisely determined by the strength rocal of the period of the common drive in one case of the constant current input.
(right column), while it depends on the current level at In the presence of noise, the phasing will no longer which the currents converge in the other (left column). be precise, but there will nevertheless be a tendency to fire at a specific phase. Figure 1 shows the phase locking of integrate-and-fire neurons having different current
Odor Recognition
The essential idea behind the algorithm proposed by inputs in the presence of a common sinusoidal input current. The level of noise used here and throughout Hopfield (1999) is based on the fact that there is a large family of odor receptors cell types, numbering approxithe simulations in this paper was chosen to roughly match the precision of phase locking observed in rat mately 1000. Each receptor cell class responds to many different odors (Sicard and Holley, 1984; Buck, 1996) , olfactory bulb slices (Desmaisons et al., 1999) and rabbit olfactory bulb in vivo (Kashiwadani et al., 1999). Matlab and any particular odor thus activates, in a concentration-dependent manner, a substantial subset of these code to generate this and other figures is available at http://www.cshl.edu/labs/brody/nose. receptors (on the order of hundreds of receptor cell types). In the rat, each glomerulus in the olfactory bulb These phase-locking properties can be used to construct an MAE operation. If many neurons are all receivreceives input from ‫000,01ف‬ sensory cells (Shepherd and Greer, 1998), each of which expresses a single type ing a current input that is within the 1-to-1 phase-locking range, and all of these input currents are similar, then of receptor protein (Buck and Axel, 1991). There are ‫0001ف‬ glomerular types, corresponding to the number the neurons will all be firing at a similar phase with Here we will call the different mitral cells of a glomerudiversity of bias currents was obtained by assigning a random bias current to each repertoire cell, the magnilus the "glomerular repertoire" corresponding to a receptor type (Figures 3 and 4A) . We propose that during tude of which was then assumed to be a fixed property ing the mitral cells in the glomerulus corresponding to Now, consider a particular odor that generates an receptor type i will be denoted s i . Following Hopfield analog pattern of glomerular activation. If each glomeru-(1999), we assume that s i encodes odor concentration lus has a repertoire of "mitral" cells driven by random in a roughly logarithmic fashion, that is: bias currents as in Figure 4A , we can find a set of reper-
(1) toire cells (asterisks in Figure 4B ) that receives, in addition to the receptor drive, a bias current such that the This is approximated by a threshold-logarithmic function sum of the receptor and bias currents is similar, across glomeruli. Presentation of the target odor will then lead s i Ϸ 0 for c o Ͻ /k oi to similar net activation across the selected cells (Figure the common level at which the mitral cells are driven: similarity of net drive across mitral cells is preserved on concentration changes. Thus, odor recognition based on the MAE operation will be concentration invariant.
Simulation of a Network of Neurons for the Model As concentration falls further, some receptors fall below
Olfactory Problem threshold ( Figure 5C ); corresponding mitral cells cease The tasks described above can be successfully perhaving a net drive similar to the others in the selected formed by a network of spiking neurons. Since we are set. Since the MAE operation is robust to outliers, corunable to examine the spiking system analytically, we rect odor recognition will still be possible. At very low instead performed extensive simulations using simple concentrations, where most receptors are below threshintegrate-and-fire units. Our goal is to provide a proofold, most mitral cells are driven only by their bias curof-concept that noisy spiking neurons, using the MAE rents, and recognition is no longer possible ( Figure 5D) . operation, can (1) achieve highly odor-selective synSo far, we have described concentration-invariant chronization; (2) do so in a manner invariant to a wide odor recognition. Odor segmentation can be achieved range of odor concentrations; and (3) do so in the presby noticing that odors typically activate strongly only a ence of strong background distracting odors. In addisubset of the available receptor types. Even if a strong tion, we used the results of the simulations as the basis distractor odor drives most of the target odor's receptor for evaluating what information about the odor vector types above threshold, when both the distractor and the is used in the network decision. target are present, the relative activations of a significant In our simulated network, there were "odor inputs" fraction of the target's receptor types will be dominated from 400 glomeruli. Each glomerulus had its own ensemby the target odor, allowing recognition of the target ble of repertoire cells, with a range of steady bias curodor separately from the background. We explore this rents. The bias currents for repertoire cells ( Figure 4A ) were chosen at random from the range of bias currents point more fully in the simulations of Figure 6B below. Synchrony across chosen subsets of repertoire cells (e.g., starred repertoire cells in Figure 4C ) is the event that indicates recognition of a specific odor. To indicate synchrony, we used "reporter" ␥ cells, which were also modeled as single-compartment integrate-and-fire units (see Experimental Procedures), and which received synaptic input from the chosen subset of repertoire cells (Figure 3) .
It is unlikely that biology uses single-cell responses to correspond to single odors. We use a "grandmother cell" representation of an odor as a surrogate of a "highly 
Orive et al., 2002). Mushroom bodies have a location in the olfactory circuitry of an insect that is analogous to that of pyriform cortex in mammals.
The analog information about the relative strengths the ␥ cell to a much higher concentration of odor A; Figure 6C illustrates the response to a much lower conof the components of an odor are "stored" in the choice of which repertoire cells to use, not in the strength of centration. Recognition events defined as four or more spikes from the A-selective ␥ cell are invariant to at the connections. least a 50-fold range of concentrations. We have not investigated the ultimate odor selectivity of the system
Results of Simulations
We now show that a ␥ cell's spiking is highly odor spehere, but empirically we examined the response of an odor-selective ␥ cell to 3,000,000 nontarget random cific, responding only to its target odor over a wide range of concentrations and recognizing its odor in the odors at concentration 1.5. For computational efficiency, we used smaller, and therefore less selective, presence of strong distractor scents. The relative activations of different glomeruli, rather than merely the binary systems (the selectivity increases rapidly with the number of glomeruli). At 280 glomeruli, none of the 3 ϫ 10 6 pattern of active versus inactive glomeruli, are essential to perform the desired olfactory tasks. random odors examined generated even a single ␥ cell spike during the sniff in response. A 400 glomerulus Figure 6B illustrates the behavior of a ␥ cell designed to recognize an odor labeled A, in response to a presensystem would be even more selective. Requiring four spikes for odor identification is thus an extremely contation of A at concentration 1.5. The ␥ cell spikes robustly. In contrast, in response to a different odor, B, servative criterion, given the unresponsiveness of the A-selective cell to random odors. at a concentration of 3.0, the ␥ cell does not fire any spikes ( Figure 6D ). Figure 6A illustrates the response of Figure 7A shows the response of a ␥ cell selective to odor A when presented with a mixture of odor A at result if half or more of the mitral cells are synchronized. concentration 1.0 and odor B at concentration 3.0. This This allows high odor selectivity, since it is highly unlikely cell, which does not respond to B alone, does respond that a random odor would match a subset of this size. briskly to the mixture. By contrast, a cell which is responAt the same time, this threshold level allows significant sive to a third random odor C will not respond to A, to robustness, since any half of the receptor set may be B, or to this mixture (not shown). Similarly, in Figure 7B corrupted without disrupting odor recognition (Hopfield, the ␥ cell selective for B responds to this mixture. These 1995; Hopfield et al., 1998). patterns indicate that a cell can identify its own target odor even in the presence of a background that is stronger than the target odor, and that this response is
The Quantity of Analog Information Used indeed the result of the presence of its target, not a
In the system we have described, information about general response of all cells to a complex mixture.
odor identity is carried in both the pattern of activation The analog strength of the glomeruli driven above (which describes only the identity of the set of glomeruli threshold is essential in these concentration-invariant driven above a fixed threshold of activation) and the and background-resistant recognitions. They are not analog activation (the quantitative strengths of activamerely the result of using the pattern of glomeruli driven tion of the glomeruli that are driven above a threshold above threshold (which varies strongly with background level). Many common olfactory tasks would appear to odors that may be present and with concentration; Meisbe difficult to perform using pattern information alone. ter and Bonhoeffer, 2001). To demonstrate this, we conFor example, a rich background odor mixture that actistructed an odor AЈ that drove above threshold precisely vated all glomeruli above threshold would preclude the same set of glomeruli driven above threshold by identifying the presence of any other odor (or any known odor A, but with different, random analog activations.
components of the background itself) if the only informa- Figure 7D shows that the A-selective ␥ cell did not fire tion available were the identity of activated glomeruli. any spikes in response to this "scrambled" odor AЈ. The Similarly, two odors that drove the same set of glomeruli binary pattern of above-threshold glomeruli does not above threshold could not be distinguished. In contrast, describe the selectivity of this system: the analog patour system makes use of the analog information, and tern of activations is crucial.
this allows it to readily perform behaviorally significant Unlike a response based only on the identities of glotasks that would be impossible on the basis of pattern meruli driven above threshold, increasing the strength alone (e.g., Figure 7D ). For this reason, it is significant of the drive to above-threshold glomeruli can decrease to make a quantitative assessment of the amount of the response of a ␥ cell. Figure 7C shows the behavior analog information our system makes use of. Note that of an odor A-specific ␥ cell in response to odor A plus we are not asking how many different odors the system the injection of a common excitatory current into half can distinguish, but merely asking what precision is sigof odor A's glomeruli. This current was equivalent to nificant at the input to the system. increasing the "effective concentration" driving the inWe approached this problem by asking with what jected glomeruli by a factor of 4. The result is that the precision a test odor must match the analog strengths ␥ cell virtually ceases to generate action potentials, even of its target in order to produce an adequate recognition though half of odor A's glomerular inputs were inresponse from the ␥ cell. (If test and target activate the creased. This counterintuitive result comes about not by same glomeruli above threshold, how similar must test activation of an inhibitory pathway, but from the failure of and target be?) This precision can be rephrased in terms all cells to share in a common phase of synchronization. of the number of bits with which each analog component The analog aspect facilitates the analysis of mixtures must be specified. (or rejecting backgrounds), an important olfactory task.
We picked a random target odor and constructed a Figure 7 indicates that two random odors, A and B, that ␥ cell designed to recognize precisely that target. We activate only partially overlapping sets of glomeruli can then tested the response of the ␥ cell to odors that be individually recognized in the mixture 1·A ϩ 3·B. We differed from the target, while activating the same glohave also examined this separation problem in the much meruli above threshold as the target. For example, the more difficult case, when odors A and B are chosen so strength of each of the chosen components for the test that they drive exactly the same glomerular set. The odor could be set entirely at random, chosen from a decomposition is nonetheless successfully carried out uniform distribution over the full range of possible globy the network. The ␥ cell for odor A responds somewhat merular activation levels. This represents no knowledge less robustly than in the completely random case, but of the analog strength of that component in the target typically produces ‫5ف‬ spikes in response to 1·A ϩ 3·B, odor, and the analog information present was then zero yet produces zero spikes in response to B alone (data bits. Alternatively, each component of the test odor not shown). In this case, all three of A alone, B alone, could be chosen in a biased random fashion so that it and 1·A ϩ 3·B have exactly the same pattern of glomeruli had some information about the size of the component driven above threshold. Odor recognition based only of the target odor, but randomness to the extent that on the pattern of glomeruli activated above threshold the test ensemble contained (on average) n bits of inforcannot accomplish this task, nor can it explain the camation about each component. As the number of bits pacity of the network to deal with this problem. goes up, the average squared difference between the The higher the number of similarly activated mitral typical test component and the matching target odor cells connected to a ␥ cell, the more strongly they will component drops, so that the square root of this average drive the ␥ cell. We can choose connection strengths and thresholds for the ␥ cell such that strong firing will (rms distance) falls by a factor ‫2ف‬ Ϫn .
any of the 3 ϫ 10 6 random odors. Selectivity grows with number of glomeruli; with 400 or more glomeruli, the functional selectivity due to analog information will be enormous. In the more natural case of random odors across all glomeruli (i.e., not always using the same set of glomeruli activated above threshold), the functional selectivity is even greater.
Discussion
We have shown that noisy spiking neurons, using the many-are-equal ( The MAE operation allows a system to ignore badly produce the same number of ␥ cell spikes as the ideal target is ‫5.3ف‬ bits. Thus, above 3.5 bits, test and target contaminated information, as long as it does not affect too large a fraction of information channels. The use odors cannot be discriminated based on the number of ␥ cell spikes. In other words, the useful analog informaof MANY, rather than ALL, is essential to carrying out olfactory tasks, for a particular odorant can easily domition per glomerulus saturates at ‫5.3ف‬ bits, which corresponds to dividing the full possible coverage range into nate many glomeruli while other glomeruli are responding to other odorants that are simultaneously about ten different levels.
For a system with N glomeruli, one could then in principresent. In this scheme, both the computational operation ple define 10 N different odors. However, our recognition system intrinsically treats many of these 10 N possibilities used (MAE) and the way sensory information is represented are essential. The relative activations between as being the same odor: for a ␥ cell to respond, only roughly half of its mitral cell inputs need to be well glomeruli are key to the definition of a target odor ( Figure  5A ) and allowed us here to obtain concentration-invarisynchronized, meaning that half of the N glomerular inputs can be corrupted and the odor is still recognized.
ant recognition in the presence of background odors.
(Both of these real-world requirements grossly perturb This is what allows the system to perform tasks such as recognizing a known odor in the presence of a strong the pattern of glomeruli activated by a pure odor at a single, standard, concentration.) Differentiating beunknown background. It is in this sense that we have not determined how many different odors the system tween two individually presented random odors that have as much as 100% overlap in the identity of actican distinguish, but have merely found what precision is significant at the input to the system. vated receptors is readily done (compare Figures 6A-6C to Figures 7A and 7B ). In the situation more nearly reAll of the test odors used in Figure 8 activate exactly the same glomeruli as the target odor. The leftmost sembling the natural olfactory background or mixture problems, the odors will have much less glomerular column of Figure 8 shows that when the magnitudes of the components of the test odors are chosen entirely overlap, further simplifying the problem. More surprisingly, and thanks to the robustness to corrupted comporandomly (0 bits analog information), fewer than 1 odor in 300 will produce any spikes in a ␥ cell. To obtain a nents of the MAE operation, the system can even separately recognize two simultaneously presented random more stringent lower bound on the number of odors the system can distinguish through making use of analog odors with 100% glomerular overlap. Such problems would be totally intractable if odors were described values, we reran the test of the leftmost column of Figure  8 , but now applied 3,000,000 different random test odors merely by a "spatial pattern," i.e., by the identity of the glomeruli excited above some fixed threshold. The sysin a smaller system (for computational efficiency), with 280 glomeruli. No action potentials were generated by tem makes use of about 10 analog levels, or 3.5 bits of both an excitatory postsynaptic current (exponential, tau ϭ 2 ms) information, for each glomerulus driven above threshand an inhibitory postsynaptic current (␣ function, tau ϭ 6 ms). The old, in addition to the 1 bit per glomerulus available from mediating inhibitory pathway that would in biology be responsible "pattern" alone.
for such an inhibitory interaction was omitted for simplicity. Model cells with these same parameters were used in an earlier study Experimental Procedures (Hopfield and Brody, 2000, 2001). The strength of the inhibitory synapses was chosen so that the total charge that flowed into a ␥ Receptor Responses and Concentration-Invariant cell due to an action potential in one of its repertoire cells was zero.
Odor Encoding
The sniff of duration 0.5 s was modeled as a half-sine wave. Thus, The approach used here to obtain concentration-invariant recogniwhen a single odorant A was present, the coverage of receptors of tion is based on logarithmic encoding of recognition by the glomertype i was given by uli. However, it is generalizable to other situations. Let the activation of each receptor type r i be given by some arbitrary but invertible ri ϭ (sin[2 ϫ (t Ϫ tstart)])(cAkAi) if tstart Ͻ t Ͻ tstart ϩ 0.5, 0 otherwise. function f i that depends on both odor identity and odor concen-Ͻ Ͼ tration.
0.5-s-long sniff
When two odorants A and B were simultaneously presented, the r i ϭ f i (c o ; o) net coverage was the sum The logarithmic encoding described above is a special case of this, make a connection to the ␥ cell; the repertoire cell was chosen so c oi ϭ f Ϫ1 (r i ; o) that the sum of the bias current and the sensory input from odor A at concentration 1.0 was at the center of the range of input currents When odor o is present, the estimates c oi will be the same across where the repertoire cells showed good phase-locking. all receptors i. In contrast, when receptors are driven by a different odor, u, the estimates c oi will be different to each other. This is
